Abstract: This paper employs the concepts of metafrontier, group frontiers and technology gap ratio for the purpose of investigating differences in R&D efficiency across groups of firms. The study finds that R&D employees, physical capital, R&D expenditure and patent citations are important to produce patents. Large firms with more R&D manpower are associated with higher R&D efficiency. The estimated output elasticity for R&D expenditure input and physical capital input for large firms is higher than that for small firms. The estimated output elasticity for patent citation input in a large firm sample is slightly smaller than that in a small firm sample. Small firm groups are much closer to metafrontier than large firm groups. Small firms have higher R&D efficiency than large firms. The results provide new insights into R&D efficiency and the first step of policymaking to improve R&D environment.
Introduction
In today's world, the scientific and technological revolution is progressing rapidly; thus, leading firms enhance themselves to secure technological leadership and competitive advantage through R&D activities. At the same time, followers try to absorb new technology through knowledge accumulation in order to catch up with the leader. Therefore, R&D activities play an important role in firm performance and successful innovation lies at the heart of leading firms' strategies. In this study, we would like to investigate the R&D efficiency of different firm size groups. Hence, we divided a full sample into a small firm sample group and a large firm sample group and explored the differences in R&D efficiency using the stochastic metafrontier analysis proposed by O'Donnell et al. (2008) .
There have been many studies on the impact of firm size on innovation. However, conclusions are inconsistent. For example, some conclude that firm size contributes positively to R&D efficiency. This idea from Schumpeter (1950) supported the belief in a greater likelihood for large firms both to undertake research activities and to achieve a measure of success. In other words, the Schumpeterian hypothesis holds that the larger the size of the firm, the more actively and efficiently innovation is carried out. Size effect can explain this positive relation (Acs and Audretsch, 1991; Cohen and Klepper, 1996; Legge, 2000) . However, Lichtenberg and Siegel (1991) found counter-arguments on the relationship between innovation and firm size. Vossen (1996) also found that smaller firms are more profit/cost efficient in innovation. Acs et al. (1994) indicated that small firms more effectively take advantage of knowledge spillovers from corporate R&D laboratories and universities. It is interesting that there is a 'U-type' relationship between innovative performance and firm size (Pavitt et al., 1987) . In these literatures either firm size is inserted in a regression as an explanatory variable at either the firm or industry level or a dependent variable is arbitrarily chosen to measure R&D performance (most frequently R&D expenditure, patents or patent to R&D expenditure ratio) in the empirical model. Therefore, we do not know exactly what the true connection is between firm size and R&D efficiency.
In contrast to prior research, this study sets out to re-examine the relationship between R&D efficiency and firm size. We view the innovation process as a knowledge production activity (Griliches, 1998) and measure R&D efficiency across different firm sizes. 1 We calculate efficiency gap between small and large subsamples. Furthermore, within this study, different size group is treated as distinct technology rather than the same technology as in prior researches. We use stochastic metafrontier analysis to estimate R&D efficiency between small and large firm samples and obtain individual knowledge production frontiers, respectively. Clearly, under the empirical framework the metafrontier model enables the calculation of comparable R&D efficiencies for firms operating under different technologies. This paper also enables the R&D efficiency gaps to be estimated for firms under different technologies relative to the potential technology available to the industry as a whole.
A traditional strand of research has focused on the estimation of R&D efficiency. One of the earliest, Griliches (1994) , expressed the relationship between R&D inputs and outputs using the so-called 'knowledge production function'. Succeeding studies calculated and measured R&D inputs and outputs between firms in terms of invention efficiency. In this paper, we refine and extend knowledge production function to include patent citation and construct technical efficiencies, group frontier, and metafrontier to show whether or not R&D efficiency differ between large and small firms. We find that R&D employees, physical capital, R&D expenditure and patent citations are important to produce patents. The more R&D manpower is in a large firm group, the higher the R&D efficiency compared with a small firm group. The estimated output elasticity for R&D expenditure input and physical capital input for large firms are higher than that for small firms. The estimated output elasticity for patent citation input in the large firm sample is slightly smaller than that in the small firm sample. The results from the distance between frontier and metafrontier and the technical efficiencies across large and small groups suggest that small firm groups are much closer to metafrontier than large firm group. Small firms have higher R&D efficiency than large firms. The results provide new insights into the R&D efficiency and the first step of policymaking to improve R&D environment.
The remaining sections of the present paper are organised as follows. In Section 2, we review firm size and R&D efficiency. In Section 3, we present our empirical model. Section 4 details the data source and sample description while Section 5 discusses the empirical findings. Finally, in Section 6 we draw some conclusions.
Overview of R&D efficiency and decomposition
To keep pace with the leader in a given industry, R&D activities play an important role. Since Griliches (1994) termed the relationship between R&D inputs and outputs as a 'knowledge production function', firms have taken R&D efficiency seriously. However, R&D input and outputs are not easy to quantify; R&D efficiency and productivity are rarely analysed. Geisler (1995) and Brown and Svenson (1998) listed patents as the output, compared with R&D expenditure as the input. Kondo (1999) viewed R&D expenditure and patent applications as R&D input and output, respectively, and analysed the dynamic mechanism of an R&D-patent function of the Japanese industry. A number of quantitative and qualitative techniques and methods have been developed for evaluating invention efficiency and productivity. The most popular method is data envelopment analysis (DEA), stochastic frontier approach and the Malmquist index method, which investigate efficiency change at both the firm and the country level. Zhang and Zhao (2011) applied stochastic frontier analysis to investigate the allocation efficiency of R&D resources in 31 countries. They found that Switzerland, Sweden, South Korea, Canada and Australian have the highest R&D efficiency. The output elasticity of human labour in high-income countries is stronger than that of middle-income countries, but the output elasticity of funds in high-income countries is weaker than that of middle-income countries. They also found that R&D growth in highincome countries is derived by human investment, and R&D growth in middle-income countries is driven by capital investment. The results showed that there are obvious spatial differences between countries in terms of R&D efficiency. Lee and Park (2005) employed the DEA approach to measure R&D productivity for Asian 27 countries. In their study, the 27 countries are classified into four clusters based on the output-specialised R&D efficiency: inventors, merchandisers, academicians and duds. Singapore ranks high in total efficiency, and Japan in patent-oriented efficiency. Meanwhile, China, Korea and Taiwan are found to be relatively inefficient in R&D. Sharma and Thomas (2008) examined the relative efficiency of the R&D process across a group of 22 developed and developing countries using DEA. They found that under CRS (Constant Returns to Scale) structure, Japan, the Republic of Korea and China are found to be efficient, whereas under the VRS (Variable Returns to Scale) framework, Japan, the Republic of Korea, China, India, Slovenia and Hungary are found to be efficient. The emergence of some of the developing nations on the efficiency frontier indicates that these nations can also serve as benchmarks for their efficient use of R&D resources. Cullman et al. (2012) investigated the relative efficiency of knowledge production in the OECD using a non-parametric DEA approach. They found that barriers to entry aimed at reducing competition actually lower R&D efficiency by attenuating the incentives to innovate and to allocate resources efficiently. Lu (2009) adopted and extended the DEA model of Seiford and Zhu (1999) to investigate the R&D efficiency and marketability of Taiwan's IC-design firms. Results show that invention efficiency is 0.6.
Another strand of research has focused on the determinants of R&D efficiency and productivity decomposition. For example, Hashimoto and Haneda (2008) presented a DEA and Malmquist index methodology to measure R&D efficiency of Japanese pharmaceutical firms and showed that R&D efficiency of pharmaceutical industry had almost gotten worse. Tollman et al. (2004) also found that R&D efficiency had declined in the pharmaceutical industry. Nasierowski and Arcelus (2003) investigated R&D efficiency (related to usage of its input/output ratio) and R&D productivity (considered the contribution of R&D effort to the national economy) and showed that most countries tended towards inefficiency by measuring the efficiency of 45 national innovation systems (NIS). Honjo and Haneda (1998) applied DEA to 14 companies to evaluate R&D efficiency in 1977-1991. Their study demonstrates the usefulness of DEA in comparative evaluation of R&D activities of companies. Tsai and Wang (2005) suggested that both large and small firms had higher R&D productivity and found that even when the sample was divided into high-tech and traditional sectors, firm size mattered for R&D performance.
Zhang et al. (2003) used a sample of 8341 industrial firms to investigate R&D efficiency between non-state sector and state sector and found that foreign firms have higher R&D and productive efficiency. The higher R&D efficiency of foreign firms derived from higher R&D intensity. Hashimoto and Haneda (2008) presented a DEA and Malmquist index methodology to measure the R&D efficiency of Japanese pharmaceutical firms and showed that the R&D efficiency of the pharmaceutical industry deteriorated throughout the sample period. Lu (2009) investigated the determinants of R&D efficiency and found that the number of employees, employee bonuses, and firm age were positively correlated to invention efficiency and marketability. Lu and Liu (2010) employed the Malmquist index to decompose productivity growth into technical efficiency and technological change for Taiwanese IC-design firms and found that the increase in R&D productivity was mainly attributed to the increase in technical change. Bos et al. (2011) found that large firms were more innovative, but also showed that large firms tended to operate at lower levels of efficiency.
In contrast with prior studies, we employ the stochastic metafrontier approach of Battese et al. (2004) to investigate R&D efficiency. First, we divide a whole sample into large and small firm samples according to number of employees and calculate the efficiency for these two samples. Secondly, we analyse the R&D efficiency difference to show whether or not technical gap of R&D efficiency exists between the two groups. On the basis of the whole sample, we construct a metafrontier. For the large firm sample and small firm sample, we obtain a stochastic frontier for the group of the large or small firms individually. To do this effort, we do not view the technology of innovation and large firms as the same as those of small firms. The different R&D technologies are deemed to have different knowledge production functions in small firms and large firms.
We begin our investigation using the parametric approach, stochastic frontier analysis, to estimate the R&D efficiency frontiers. Battese and Coelli (1995) introduced this method to determine the factors associated with technical efficiency. There are many studies which used their approach to measure efficiency in different fields. For example, Battese and Rao (2002) first proposed the metafrontier approach and applied it to decompose spatial and temporal variations in productivity across different climatic zones. Battese et al. (2004) used the metafrontier method to estimate technical efficiencies and technology gaps for firms operating under different technologies. O'Donnell et al. (2008) and Matawie and Assaf (2008) also employed the metafrontier approach to calculate technical efficiencies for some countries. Mariano et al. (2011) applied the metafrontier model to analyse the technical efficiency of rice farms in the Philippines. Therefore, the metafrontier model is suitable for calculating R&D efficiency of firms that operate under different R&D technologies. In this paper, we design our model as follows:
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where Y it(j) denotes the R&D output for the ith firms in the tth time period for the jth group; X it(j) denotes a vector of values of functions of the R&D inputs used by the ith firms in the tth time period for the jth group; β (j) means the parameter vector associated with the x-variables for the stochastic frontier for the jth group involved; j = 1 and 2 are small firms group and large firms group, respectively. V it(j) s are assumed to be identically and independently distributed as µ are defined by some appropriate inefficiency model, for example, one of the Battese and Coelli (1992, 1995) models. For simplicity of presentation, the model for the jth group is assumed to be given by ( ) 
Equation (2) assume that the exponent of the frontier production function is linear in the parameter vector, β (j) , so that X it (j) is a vector of functions of the inputs for the ith firms in the tth time period.
The metafrontier production function model for firms is expressed by * * (X , *) e , 1, 2, , 35; 2004, 2005, , 2010 it
where β* indicates the vector of parameters for the metafrontier function such that ( )
The metafrontier production function is thus defined as a deterministic parametric function such that its values are no smaller than the deterministic components of the stochastic frontier production functions of the different groups involved, for all groups and time periods. The metafrontier function has values that are no less than the deterministic functions associated with the stochastic frontier models for the different groups involved. Hayami and Ruttan (1971) mentioned that the metafrontier function could be regarded as the envelope of commonly conceived neoclassical production functions. In this paper, the metafrontier function is a production function of a specified functional form that indicates the relationship between output (the number of patents) and four inputs (R&D employees, capital, R&D expenditure, and patent citation). From the concept of the metafrontier function, we can define R&D efficiency for the ith firm at the tth time period by the stochastic frontier for the jth group in equation (2) . Alternatively, equation (2) can be expressed in terms of the metafrontier function of equation (3) 
where the last term on the right-hand side of equation (5) is the technical efficiency relative to the stochastic frontier for the jth group,
The estimates of technical efficiency are usually used to design programs to improve performance involved changes to the management and structure of the firm. From the TE it measure, a firm will know its R&D efficiency in a given group. The first term on the right-hand side of equation (4) is the technology gap ratio (TGR) for the observation for the sample firm involved, 
Equation (7) measures the ratio of the output for the frontier production function for the jth group relative to the potential output that is defined by the metafrontier function, given the observed inputs. The TGR has values between zero and one. Finally, the technical efficiency of the ith firm, given the tth period, relative to the metafrontier, is denoted by * .
it TE Battese et al. (2004) showed * it TE as the ratio of the observed output relative to the second term on the right-hand side of equation (5) 
Combined equations (5)- (8) implies that an alternative expression for the technical efficiency relative to the metafrontier is given by
According to equation (9), the technical efficiency with respect to the metafrontier is the product of the technical efficiency relative to the group frontier. This implies that the technical efficiency with respect to the metafrontier can be decomposed into technical efficiency measured with reference to the group technology (TE it ) and the TGR it between the group and the metafrontier.
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Given the estimates for the parameters of the group stochastic frontiers, ( ) 1, 2, (Coelli, 1996) , the Optimisation toolbox of the Matlab software, and the software DEA-Solver Pro 8.0.
Sample selection and description
The data used in this study come from an official database on the innovative activities of the top 100 innovation firms in Taiwan maintained by the Intellectual Property Office of Ministry of Economic Affairs, R.O.C. We removed data with insufficient information from the sample. Additional information such as R&D employees, capital and R&D expenditure of the whole sample was collected from the TEJ database. We are finally left with 35 firms in our sample. Our sample period covers seven years from 2004 to 2010. Using seven years of balance panel data, we can analyse R&D efficiency from different size group.
Output variable (dependent variable) and input variables (independent variables) are needed to be analysed in this study. When we examined prior literatures, the number of patents (Q) is often viewed as R&D output (Hall et al., 2001; Hall, 1996; Lu, 2009) . Four input variables are considered in this paper: R&D employees (L), physical capital (K), R&D expenditure (RD) and patent citations (CI). R&D employees (L) refers to employees engaged in R&D activity in the paper. We use the volume of fixed assets as a proxy of capital. Conventionally, R&D employees and physical capital are the main components of knowledge production function. The variable of R&D expenditures in this study consists of all costs incurred relating to the development of new products. In prior literatures, R&D expenditures are very important for innovation process, such as in Griliches (1998) and Hall et al. (2005) . The number of patent citations is used to measure the amount of knowledge flow. Jaffe et al. (1993) first applied the number of patent citations to explore spillover effect across geographical locations. Jaffe et al. (1993) quantified the extent and impact of knowledge spillovers by using patent citations and attempted to identify the knowledge flow. We think the number of patent citations is an important determinant of sequential innovation in the same technology field. There are rare studies which consider patent citations when estimating R&D efficiency or knowledge production function. In this paper, we use the number of patent citations to represent knowledge flow and expect that higher knowledge flow will lead to successful innovation. For a propose of smoothing the data, all variables are converted to natural logarithm. Table 1 reports the mean and standard deviation for the variables used in this paper. 
Empirical results
In the recent decade, the knowledge production function has emerged as an economic concept that links R&D outputs to R&D inputs. Innovative output is the product of knowledge generating inputs, similar to the production of physical goods. Some observable measures of inputs, such as R&D expenditure, physical capital, patent citations and R&D manpower, are invested in knowledge production. We represent the relationship between R&D inputs and R&D output using the Cobb-Doulas production form. We take the natural logarithms of all variables and put those variables into equation (2) . The knowledge production function is
where R&D output is measured by the number of patents (Q) and four input variables: R&D employees (L), physical capital (K), R&D expenditure (RD) and patent citations (CI). The stochastic frontier estimation results are shown in Table 2 . We find that all explanatory variables are significant at 1%. Physical capital (K), R&D expenditure (RD) and patent citations (CI) have statistically significant and positive effect on R&D output (patents). Our primary interest is what happens to the estimated results in patent citations. The positive effect of patent citation on patent has been confirmed as prior literatures have documented such, e.g., Deng (2008) , Ponds et al. (2009) and Santos et al. (2007) . A central issue in the estimation of knowledge production function is the role that firm size plays in determining the efficiency of knowledge production. We explicitly test the following hypothesis:
H 0 : all firms exhibit R&D efficiency.
Then, we examine the following scale hypothesis:
H 0 : there is no difference in R&D efficiency frontier for large firms and small firms.
If positive scale effects exists, firms may arise from internal economies of scale, say as between learning-by-doing associated with production scale and R&D inputs. Alternatively, negative scale effects may reflect problems of coordination or disincentive effects associated with scale. Finally, if firms' R&D efficiency frontier has significant differences across small firms and large firms, their R&D technology is not the same and we can divide our sample into a large firm subsample and a small firm subsample to investigate the differences in their R&D efficiency. The empirical framework is shown in Figure 1 .
Figure 1 Empirical framework
We employ stochastic frontier model to test the hypotheses of steps 1 and 2. Stochastic metafrontier model is applied to examine the difference in R&D efficiency, technology gap ratio across large and small firms, and metafrontier.
Source: The empirical framework is summarised by this study The parameters estimated for our model reveal that all of the variables are statistically significant at 1%. We test the first hypotheses, i.e., all firms exhibit R&D efficiency. The presence or absence of technical inefficiency is tested in this study using the important parameter of log likelihood in the half-normal model / .
u v γ σ σ = The gamma parameters also measure how much of the variation in the composite error term is attributed to the inefficiency components (σ u ) as a proportion of the combined error denoted by σ 2 . If γ = 0, then there are no effects of technical inefficiency, and all deviations from the frontier are due to noise (Aigner et al., 1977) . The estimated value of ˆ0.846 γ = is significantly different from zero. The estimated gamma parameters are close to unity and are highly significant, which implies that almost all the variations in the composite error term are due to technical inefficiency effects. The null hypothesis that there is no inefficiency effect is rejected, suggesting the existence of inefficiency effects for R&D firms in Taiwan.
This study in Table 2 also examines that there is a proportional output change when inputs in the model are varied. The results reveal that physical capital is the highest contributor to R&D output. On average, R&D output increases by 0.56% for a 1% increase in physical capital. The estimated output elasticity for R&D expenditure input is 0.404, whereas output elasticity for patent citation input is 0.025. Finally, the mean value of the R&D efficiency for all firms is 0.839.
In the next step, to verify if there are technology differences across large and small subsamples, we test the null hypothesis that there is no difference between the pooled frontier model and the two group frontiers. With a generalised likelihood ratio test statistics of 19 greater than the α 2 (0.99, 35), the null hypothesis is rejected, suggesting that there is technological variation among the R&D firms. Accordingly, this justifies the estimation of the metafrontier production model (O'Donnell et al., 2008; Battese et al., 2004) and strongly suggests that the two group stochastic frontiers for R&D firms in Taiwan are not the same. It is suitable for us to investigate R&D efficiency by separating two groups (i.e., large firm sample and small sample), and by using the metafrontier method.
We respectively estimate parameters and analyse large-firm group and small-firm group by virtue of significant difference in R&D efficiency in Table 3 . Columns 2 and 3 in Table 3 show that the values of σ 2 and γ in the large firm group are higher than the small firm group, indicating that large firms tend more towards inefficiency.
The labour variable has a negative sign in the large firm group, indicating that more R&D manpower is associated with lower R&D inefficiency. The estimated output elasticity for R&D expenditure input and physical capital input for large firms are 0.496 and 0.699, respectively, whereas the estimated output elasticity for R&D expenditure input and physical capital input for small firms are 0.271 and 0.391. The estimated output elasticity for R&D expenditure input and physical capital input for large firms is higher than that for small firms. However, the estimated output elasticity for patent citation input in the large firm sample is slightly smaller than that in the small firm sample. With the metafrontier estimation, all the parameters are significant at the 1% level.
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The results of the estimation of technical efficiencies obtained from stochastic frontiers ( ) Acs et al. (1994) and Vossen (1996) . Besides calculating individual technical efficiency for large firms and small firms, it is interesting to analyse which group frontier could be near metafrontier. TGR j i will show us the closeness of group frontiers to the metafrontier for the different groups. The mean of values of the TGR j i vary from 0.635 (for large firm group) to 0.700 (for small firm group). Those results show that large firms produce patents, on average, only ~63.5% of the potential output given the technology available to the industry as a whole. However, small firms produce, on average, ~70% of the potential output. It is interesting to note that the small-firm group has higher R&D efficiency than those calculated in large-firm group. The small-firm group frontier is much closer to metafrontier than the large-firm group. Finally, we focus on the measures of * i TE in Table 4 . * i TE shows that the small firm group achieves the highest mean technical efficiencies relative to the metafrontier. In other words, the technical efficiencies calculated relative to the metafrontier are substantially smaller than those calculated from the small firm group. Large firms that carry out R&D activity tend toward inefficiency. 3 Standard deviation are given in brackets and '***' denotes significant at 1%.
Conclusions
Once a firm devotes more efforts to research and development and innovates successfully, granting patent (R&D output) can serve as a major source of competitive advantage to obstruct entrance into a given industry. In reality, the patent wars in high technology industries are rampant, and relative lawsuits, licensing, and patent sales emerge endlessly. Thus, understanding the nature of R&D efficiency and its determinants is essential for designing R&D policies that effectively foster innovation and promote technological progress. This paper applies the stochastic frontier, group frontiers, and metafrontier methods to estimate R&D efficiency. We employ the concept of technical efficiency, the closeness of group frontiers to the metafrontier and TGR for the purpose of studying differences in efficiency across groups of firms. Our results find that R&D employees, physical capital, R&D expenditure, and patent citations significantly affect patent generation. The metafrontier is suitable for analysing the boundaries of these restricted set as group frontiers when small-firm group operate in resource-poor but flexible R&D environment. R&D efficiency in small-firm group is higher than those in large-firm group. The estimated output elasticity for R&D expenditure input and physical capital input for large firms is higher than that for small firms. The estimated output elasticity for patent citation input in large firm sample is slightly smaller than in small firm sample. The mean of values of TGR for small firm group are higher than those computed for large firm group. Small firm group is much closer to metafrontier than large firm group. It is interesting to note that small-firm group has higher R&D efficiency than those calculated in large-firm group. We find that firm size matter for R&D efficiency. These results are interesting for
